Abstract
Introduction
One of the chief ecological discoveries of recent decades is the finding that biotic responses about the generality of these phenomena compared to changes in phenology and geography.
36
Nor do we know the extent to which responses to climate variation are consistent among 37 populations of a species that occur in different habitats. In part, this is because many of 38 these population responses are not as easily standardized across studies (as compared to, 4 observed along an elevational gradient that includes one of the highest mountain ranges in 48 North America (Fig. 1 , Table S1 ). The ten sites comprise a transect that extends from sea Table S1 ). We 56 considered every species by site combination to be a population. From these observations, 57 our index of population dynamics (which we refer to as "day positives") was calculated as 58 the number of days in a year that a given species was observed, out of the total number of 59 visits to a site. This incidence-based approach is logistically feasible for a large fauna, and (Fig. 1) . Here we employ this Bayesian hierarchical modeling approach and 67 focus specifically on site-level parameters that capture the response to climatic variation of 68 the constituent populations of species at each site (Nice et al., 2014) . In this way, we can 69 specifically quantify effects across species at a community level. We ask whether responses 70 to climate variation are similar among sites, and explore our ability to predict these 71 responses and the factors that limit prediction.
72

Materials and Methods
73
Data Collection, Climate Covariates and Statistical Model
74
Data on the presence and absence of butterflies were collected by a single observer (AMS) 75 from biweekly visits to ten sites that comprise a transect across California (Fig. 1 , Table   76 S1). We used data from 1972 to 2013. These data were pruned to remove any species that 77 was observed less than five years at a particular site. Further details of data collection have first hierarchical analysis of these data focused on site-level variation.
84
We examined the response of populations (i.e. "population-level responses") and 85 entire butterfly assemblages at sites (i.e. "site-level responses") to climatic variation using 86 data for 12 local variables and one regional variable (Fig.s 2, 3 ). The population, that is, a 87 particular species at a particular site, is the basic unit of analysis. For example, monarch 88 butterflies (Danaus plexippus) at Donner Pass (DP) constitute a population that is distinct 
134
Posterior distributions for all parameters were estimated using two MCMC chains covariates for all 10 sites in R using the gplots package (R Development Core Team, 2012).
146
To assess whether heterogeneity in response to climate variation among sites was a product 147 of differences in species composition across the 10 transect sites, we repeated the 148 hierarchical analysis described above, but restricted this analysis to 18 species which occur 149 at all sites (Table S2) . We then calculated the Pearson correlation coefficient, r, between 
Model Validation and Predictability
153
We assessed model performance using a posterior predictive check with cross validation 154 that involved dropping out 10% of the data and using the model parameters to predict the 155 missing day positive data. This was done ten times dropping different parts of the data set 156 to generate an entire predicted data set. We then estimated the correlation between 157 observed and predicted data as a global measure of model fit, and we calculated the 158 proportion of the observed data that fell within the 95% CI of the predicted data as an 159 estimate of model precision.
160
We used the same modeling and posterior predictive check strategy to measure our communities are more similar, on average, from year to year.
209
Results
210
The effect of climatic variation on butterfly populations was readily detected and indicating that the observed heterogeneity in response to climate variation is not solely 236 explained by differences in species composition among sites (Table S2 , Fig. S14 ).
237
Despite the overall high heterogeneity across transect sites in response to climate 238 variation, these responses of butterfly populations were predictable, but to varying degrees.
239
We used a posterior predictive check with cross validation to assess the model's ability to Table S8 ) and 96% of observed day positives 243 fell within the 95% credible intervals of the predicted data (Table S8) . Predictability was 244 lowest for relatively rare butterflies and there was a generally positive correlation between 245 observed day positives and our ability to predict butterfly occurrences (Table S8 , Fig.   246 S16). This pattern was evident at the site-level as well: sites with higher mean day 247 positives exhibited greater predictability (Fig. 4A) . Further, resident butterflies were more 248 readily predicted by our model compared with non-residents. This pattern is undoubtedly 249 related to the lower predictability of less common butterflies: on average, resident 250 butterflies had higher occurrences (day positives) than non-residents (Fig. S16 ).
251
Our ability to predict butterfly occurrences was also lowest for sites with high 252 year-to-year species turnover (Fig. 4B) . For the three Hill numbers we calculated (q=0, 1,
253
and 2), there was a negative correlation between turnover and predictability (Fig. 4B, Fig.   254 S15). This negative relationship was strongest when the contribution of rare species was 255 down-weighted (Fig. 4B) , which indicates that the effect of community turnover is The dendrogram on the left shows the patterns of similarities among variables and across sites. Sites showed a generally negative response (red squares) to increasing summer minimum temperature and spring precipitation, but showed a generally positive response (blue squares) to increasing summer maximum temperature and summer precipitation. Sites showed highly heterogeneous responses to most aspects of climate variation, especially, for example, variation in spring maximum temperature and winter precipitation. A histogram of standardized coefficients is presented at the bottom of the figure. negative impact of higher turnover on our predictive ability suggests that habitats with California (Supporting Information). We found that butterfly occurrences were extremely 266 difficult to predict accurately for these seven years compared to other sets of seven 267 contiguous years, or sets of seven randomly chosen years (Fig. 4C , Table S8 ). The median (Table S8) . 
275
In contrast to the generally multifarious responses to climatic variation, the 276 butterfly faunas at all but one of the sites have strong negative associations with year 277 (Table S3 , Fig. 2 ). This evidence of decline is consistent with previous reports (Pardikes 2), and summer minimum temperatures are rising across many sites (Fig. S11 , Table S5 ) 285 and across the state of California (Mazur & Milanes, 2009 presumably due to habitat differences (Table S1 ). Indeed, habitat heterogeneity might be weather variables (Fig. 2, Table S3 ). Because the strong year effects were estimated in 295 models that controlled for climatic effects, we infer that non-climatic factors are influential 
308
For example, the two highest elevation sites (CP and DP) are often characterized by disparate responses to climatic variation (Fig. 2) , and, despite geographic proximity, they and site-specific responses that we report here.
332
Despite the observed heterogeneity of responses, our overall ability to predict occurrences. However, predictability was lower for non-resident species compared to 337 residents, and for rarer species. Predictability was also lower at sites with higher 338 year-to-year turnover in constituent species and these differences were not solely 339 attributable to rare species (Fig. 4B) . Most alarmingly, our ability to predict butterfly 340 occurrences declined over time and was lowest for the last seven years of our data, a period 341 that included extreme droughts in California (Fig. 4C) . If the decline in predictability 
Acknowledgments
372
We thank Kate Bell, Zach Marion and Alex Buerkle for discussion, and Nate Sanders and 
